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Abstract 
The objective of this study was to evaluate commercially available precision dairy technologies 
against direct visual observations of feeding, rumination, and lying behaviors. Primiparous (n = 
24) and multiparous (n = 24) lactating Holstein dairy cattle (mean ± standard deviation; 223.4 ± 
117.8 d in milk, producing 29.2 ± 8.2 kg of milk/d) were fitted with 6 different triaxial 
accelerometer technologies evaluating cow behaviors at or before freshening. The AfiAct 
Pedometer Plus (Afimilk, Kibbutz Afikim, Israel) was used to monitor lying time. The 
CowManager SensOor (Agis, Harmelen, Netherlands) monitored rumination and feeding time. 
The HOBO Data Logger (HOBO Pendant G Acceleration Data Logger, Onset Computer Corp., 
Pocasset, MA) monitored lying time. The CowAlert IceQube (IceRobotics Ltd., Edinburgh, 
Scotland) monitored lying time. The Smartbow (Smartbow GmbH, Jutogasse, Austria) 
monitored rumination time. The Track A Cow (ENGS, Rosh Pina, Israel) monitored lying time 
and time spent around feeding areas for the calculation of feeding time. Over 8 d, 6 cows per day 
were visually observed for feeding, rumination, and lying behaviors for 2 h after morning and 
evening milking. The time of day was recorded when each behavior began and ended. These 
times were used to generate the length of time behaviors were visually observed. Pearson 
correlations (r; calculated using the CORR procedure of SAS Version 9.3, SAS Institute Inc., 
Cary, NC), and concordance correlations (CCC; calculated using the epiR package of R version 
3.1.0, R Foundation for Statistical Computing, Vienna, Austria) evaluated association between 
visual observations and technology-recorded behaviors. Visually recorded feeding behaviors 
were moderately correlated with the CowManager SensOor (r = 0.88, CCC = 0.82) and Track A 
Cow (r = 0.93, CCC = 0.79) monitors. Visually recorded rumination behaviors were strongly 
correlated with the Smartbow (r = 0.97, CCC = 0.96), and weakly correlated with the 
CowManager SensOor (r = 0.69, CCC = 0.59). Visually recorded lying behaviors were strongly 
correlated with the AfiAct Pedometer Plus (r >0.99, CCC >0.99), CowAlert IceQube (r >0.99, 
CCC >0.99), and Track A Cow (r >0.99, CCC >0.99). The HOBO Data Loggers were 
moderately correlated (r >0.83, CCC >0.81) with visual observations. Based on these results, the 
evaluated precision dairy monitoring technologies accurately monitored dairy cattle behavior. 
 
INTRODUCTION 
Many precision dairy-monitoring technologies claim to monitor udder health, estrus events, feet 
and leg health, and metabolic health (Rutten et al., 2013). These technologies provide benefit to 
producers and researchers by frequently monitoring dairy cattle without disturbing natural 
behavioral expression (Müller and Schrader, 2003). Dairy producers purchase precision dairy-
monitoring technologies to improve individual animal, pen, and whole-farm management, 
increasing overall farm production efficiency (Wathes et al., 2008). However, for precision 
dairy-monitoring technologies to increase labor and production efficiency, they must easily and 
accurately quantify meaningful physiological or behavioral parameters (Senger, 1994). 
 
The automatic measurement of chewing and ruminating activity can enable the early detection of 
feeding deficiencies and assist in ration adjustments (Zehner et al., 2012). Feeding and 
ruminating behaviors have traditionally been monitored through visual observation or video 
recording methods (Schirmann et al., 2009), but these methods are time consuming and only 
practically used in research settings. Additionally, monitoring animal behaviors using visual 
observation is subjective and open to observer interpretation (Weary et al., 2009). Monitoring 
rumination and feeding behaviors with precision dairy-monitoring technologies could replace 
subjective visual observations while providing useful and continuous measures of these 
behaviors. Technologies recording feeding and rumination behaviors have traditionally 
quantified these behaviors using chewing activity monitors (pressure and strain recorders; 
Beauchemin et al., 1989; Kononoff et al., 2002; Zehner et al., 2012). Chewing activity (pressure 
and strain) and feeding behavior monitors are primarily used in research settings, but 
commercially available rumination and feeding behavior quantification methods have recently 
been developed and evaluated. Bikker et al. (2014) evaluated a technology (CowManager 
Sensoor, Agis, Harmelen, the Netherlands) monitoring rumination and feeding behavior through 
head movement and found these behaviors to be closely related to visual observations. Similarly, 
Schirmann et al. (2009) evaluated a technology (HR Tag, SCR Engineers Ltd., Netanya, Israel) 
quantifying rumination sounds through a microphone and microprocessor and found a strong 
correlation between visual observations and technology. Another method to quantify feeding 
behaviors is through technologies describing when cows approach feeding areas. Many of these 
types of technologies have been evaluated and found to be highly correlated with visual methods 
(DeVries et al., 2003; Chapinal et al., 2007). These findings indicate the potential for technology 
performance to vary among technologies monitoring the same parameters through different 
methods. 
 
Lying behavior is a parameter frequently quantified by precision dairy monitoring technologies 
(McGowan et al., 2007; O’Driscoll et al., 2008; Ledgerwood et al., 2010). Time spent lying can 
indicate cow comfort, welfare, and health changes (Haley et al., 2000). Proudfoot et al. (2014) 
found sick or ill cattle spent more time lying apart from the herd. Compared with other 
parameters measured by precision dairy-monitoring technologies (e.g., feeding behavior, 
rumination, and activity), standing and lying events are easily visually monitored but the process 
remains time-consuming. 
 
Previous studies evaluating lying behavior have reported strong correlations between 
technologies and visual or video monitoring. Lying behaviors measured by the HOBO Data 
Logger (HOBO Pendant G Acceleration Data Logger, Onset Computer Corporation, Pocasset, 
MA) have strongly matched video monitoring observations (Ledgerwood et al., 2010). Similarly, 
the AfiAct Pedometer Plus (Afimilk, S.A.E. Afikim, Kibbutz Afikim, Israel) and IceTag (a 
version of the IceQube intended for research; IceRobotics Ltd., Edinburgh, Scotland) monitored 
dairy cow lying behavior and observations were closely related to video monitoring observations 
(Mattachini et al., 2013a,b). 
 
Behavioral recording methods have rarely been compared on the same animals over the same 
periods. The objective of the current study was to evaluate commercially available precision 
dairy monitoring technologies against direct visual observations for feeding, rumination, and 
lying behaviors. To our knowledge, this study will also serve as the first to validate the Track A 
Cow (ENGS, Rosh Pina, Israel) system for feeding and lying behaviors, and the Smartbow 
(Smartbow GmbH, Jutogasse, Austria) system for rumination behavior. The hypothesis of our 
study is that lying behaviors will most closely match visual observations. Ruminating and 
feeding behaviors will be more variable when compared with visual observations. 
 
MATERIALS AND METHODS 
This study was conducted at the University of Kentucky Coldstream Dairy Research 
Farm in Lexington under Institutional Animal Care and Use Committee protocol number 2014–
1309. The lactating herd (80 cows) was housed in 2 equal groups separated by a shared, raised 
feedbunk with a conveyer feed delivery system. A TMR ration containing corn silage, alfalfa 
silage, whole cottonseed, and grain mix was delivered twice daily, at 0530 and 1330 h. Cows 
were provided with unrestricted access to freestalls. One group of cows was provided sawdust-
covered rubber-filled mattresses (PastureMat, Promat, Ontario, Canada). The other group of 
cows was provided sawdust-covered Dual Chamber Cow Waterbeds (Advanced Comfort 
Technology Inc., Reedburg, WI). Grass-seeded exercise lot access was permitted for 1 h per day 
at 1000 h, weather permitting. All other surfaces (freestall area, feedbunk alley, holding pen, and 
alleys) contained grooved concrete. Milking occurred twice daily at 0430 and 1530 h. All cattle 
within the herd were fitted with the following technologies before or at calving, as per standard 
herd protocol (further information presented in Table 1): AfiAct Pedometer Plus, CowManager 
SensOor, CowAlert IceQube, Smartbow, and Track A Cow. 
The number of cattle needed for our study was determined using the methods of 
Friedman (1982). All power tests were calculated to obtain a power (1 – β) of 0.90 and a type I 
error probability (α) of 0.05 (2-tailed). Effect size was determined by previous studies (equal to 
correlation coefficients; Bikker et al., 2014) and was 0.93 for rumination time (Bikker et al., 
2014), 0.88 for feeding time (Bikker et al., 2014) and 0.90 for lying time (Ledgerwood et al., 
2010). A minimum of 24 cows was needed to meet statistical power requirements and this 
number was doubled to account for potential instances of missing data (n = 48). Eligible cattle 
were randomly selected and balanced for herd group and parity. No cattle within 21 DIM were 
included in our study to remove potential effects from the transition period. The final sample 
population consisted of 24 primiparous and 24 multiparous (n = 48) Holstein dairy cows at a 
mean 223.4 ± 117.8 DIM, producing a mean of 29.22 ± 8.20 kg of milk per day. Additionally, 
HOBO Data Loggers were placed in watertight bags, wrapped in self-adhesive wrap, and 
attached to each cow’s lower left rear leg (15 cm above the CowAlert IceQube), approximately 
12 h before observation began. The HOBO Data Loggers recorded lying behavior using a triaxial 
accelerometer to collect relative position every minute. Unadjusted HOBO Data Logger data 
were collected and prepared for analysis using established data conversion methods provided by 
the University of British Columbia (UBC, 2013). The HOBO lying behavior data were used as a 
basis for comparison because previous studies have established the effectiveness of HOBO Data 
Loggers in 1-min periods (Ito et al., 2009). 
 
Behavior Classification 
Parameters recorded using technologies were compared with direct visual observation, which 
took place over 8 d. Each of the 48 enrolled cows was assigned 1 d, resulting in 6 cows being 
observed per day. Each cow was observed for a total of 4 h, split into two 2-h observation 
periods. Observation occurred following morning and evening milking as cows exited the 
milking parlor. Each cow was observed for 1 morning and 1 evening period. Observers consisted 
of 42 undergraduate and graduate students from the University of Kentucky. Six observers were 
assigned to each period, 1 per cow. Fourteen observers contributed only 1 observation period and 
the remaining 28 observers contributed multiple observation periods. 
 
Data-recording sheets and event classification instructions were sent to each observer several 
days before their period. Upon arrival at the dairy and before the beginning of each observational 
period, all observers were instructed on proper behavioral classification and recording techniques 
by a mutual instructor (same throughout the study). Example videos of each behavior were 
shown to observers exemplifying feeding, rumination, and lying or standing events. Observers 
were instructed on proper recording procedures for these behaviors using these same videos for 
reference. For the safety of observers and cattle, observers were instructed to disrupt cattle as 
little as possible. If cattle had not performed an eating or lying event toward the end of 
observation periods, behaviors were encouraged by the researcher who performed the training. 
For example, cows lying for the entire observation period were encouraged to stand, similar to 
methods used by Bonk et al. (2013) to generate standing bouts. Cattle were also gently guided to 
feeding areas if eating events had not yet occurred. Decisions to encourage cow behaviors were 
made by the lead researcher and were not left to observer discretion. 
 
At the commencement and cessation of each observed behavior, observers recorded the hour, 
minute, and second of the day using multifunction, radio frequency synchronized, atomic 
watches (Casio America Inc., Dover, NJ). Behavioral commencement and cessation times were 
used to calculate the duration behaviors were performed for each observational period. 
 
A cow was considered to be eating if actively chewing and standing near the feedbunk. If 
chewing stopped for longer than 5 s, cattle were recorded as having stopped eating. Rumination 
was quantified similar to Schirmann et al. (2009), where rumination was defined as the point in 
time of bolus regurgitation. Observers recorded events where regurgitated boluses reached the 
esophagus, entered the mouth, and were subsequently followed by the initiation of rhythmic 
chewing. Rumination events ended when rhythmic chewing ceased and the bolus was 
swallowed. Similar to the methods of Ledgerwood et al. (2010), transition between standing and 
lying positions defined lying behavior. Cattle were considered lying when the flank of the animal 
came in contact with a surface while transitioning from a standing position. A cow was classified 
as standing when all 4 limbs were fully extended and perpendicular to the ground while 
transitioning from a lying position. 
 
Interobserver Variability 
A method using 4 observers established interobserver variability. The lead author, who instructed 
all observers before each observation period, served as observer 1. For both a morning and 
evening observation period (4 h total), 4 observers recorded behavioral data from 1 cow in the 
same methods as previously described. Observers were instructed not to look at the others’ 
recordings, or share data. Observations were recorded using the aforementioned techniques and 
tested for agreement at each second during the observation period. The CORR procedure of SAS 
version 9.3 (SAS Institute, Cary, NC) generated Pearson correlation coefficients among all 
observers, and all correlations throughout the study were classified according to criteria used by 
Bikker et al. (2014): negligible, 0.00 to 0.30; slight, 0.31 to 0.50; minor, 0.51 to 0.70; moderate, 
0.71 to 0.90; and strong, 0.91 to 1.00. A chi-squared test was performed using R version 3.1.0 (R 
Foundation for Statistical Computing, Vienna, Austria) to evaluate observer agreement on 
behaviors performed at each second. The FREQ procedure of SAS was also used to calculate a 
Cohen’s kappa coefficient (κ) between individual observers at each second. All κ-values were 
classified according to criteria of Landis and Koch (1977), with poor, <0.00; slight, 0.00 to 0.20; 
fair, 0.21 to 0.40; moderate, 0.41 to 0.60; substantial, 0.61 to 0.80; and near perfect, 0.81 to 1.00. 
 
Data Preparation and Statistical Analysis 
The difference between observation and technology data was calculated and differences below 
the 5th and above the 95th percentile were identified as outliers and removed from further 
analysis. Technology and visual observation data were averaged by cow to provide 1 observation 
of each per subject (cow). These averages were used to establish agreement between 
technologies and visual observations (Bland and Altman, 1995a,b), using the CORR procedure 
of SAS to generate Pearson correlation coefficients. Agreement was further compared using bias 
correction factors (Cb), concordance correlation coefficients (CCC), location shift values (V), 
and scale shift values (μ) using the “epiR” package in R version 3.1.0 to test individual 
technologies against visual observations and those generated by the HOBO Data Logger for 
lying behaviors. 
 
RESULTS AND DISCUSSION 
Interobserver Variability 
Correlations and κ-coefficients among observers can be found in Table 2a. Strong correlations 
were established among observers for feeding behavior (r >0.96 across observers, P < 0.01) and 
lying time (r >0.99 across all observers, P < 0.01). Rumination time was most variable among 
observers (r >0.88 across all observers, P < 0.01). All κ-values indicated agreement with Pearson 
correlation coefficients for feeding behavior (κ >0.96 across observers) and lying time (κ >0.99 
across all observers). Rumination time was also most variable among observers for κ-values (κ 
>0.88 across all observers). Table 2b displays results of a chi-squared analysis on interobserver 
data. No significant differences were found among observers for rumination or lying behaviors 
(P > 0.05), but significant differences occurred for feeding time. Although one instance proved 
significant for this test, these differences were numerically small. The proportion of time these 
behaviors were performed for the observation period was 0.26 for observers 1 to 3 and 0.25 for 
observer 4. Agreement among observers was evaluated for each second over a 4-h period 
(14,400 records) and the number of observations may have influenced significance for this 
particular test. Because these numbers were numerically small and the other tests indicated 
moderate to strong correlation and near perfect κ-values, visual observations were regarded as 
reliable. Future studies comparing technologies to visual observations may benefit from using 
fewer observers. 
Outlier Removal 
The outlier removal method resulted in 2 cows being removed entirely from each technology 
monitoring hourly behavioral data (n = 46). No cows were removed from the CowAlert IceQube 
or AfiAct Pedometer Plus systems due to the data periods provided by those technologies. The 
Track A Cow system had an additional 2 cows removed from the lying behavior analysis (n = 
44) and feeding behavior analyses due to data transmission errors for that parameter. 
Feeding Behavior 
Technologies recorded feeding behavior in minutes per 1-h time block and were evaluated 
against visual observations over the same period; results are shown in Table 3. Technology data 
correlated well with visual observation data for the CowManager SensOor (r = 0.88, P < 0.01; 
CCC = 0.82) and the Track A Cow (r = 0.93, P < 0.01; CCC = 0.79) systems. Bikker et al. 
(2014) previously evaluated the CowManager SensOor and showed similar results (r = 0.88, P < 
0.01; CCC = 0.75). 
 
To our knowledge, the current study is the first to validate the Track A Cow system. Systems 
such as the CowManager SensOor monitor feeding time using head movements, whereas the 
Track A Cow more accurately describes feeding behavior or time around the feed bunk. A 
similar system recording cow proximity to the feedbunk was previously shown to be highly 
correlated with observed feeding behavior (R2 = 0.98; P < 0.01; DeVries et al., 2003). The 
system used in DeVries et al. (2003) recorded feeding events when cattle placed their heads 
under feed rails and over feed. A system monitoring a cow’s presence at the feedbunk was also 
evaluated by Chapinal et al. (2007) and strongly correlated with visual observation (R2 = 1.00; P 
< 0.01). The current study indicated the CowManager SensOor and Track A Cow systems to 
underperform these other technologies; however, these other technologies are primarily used as 
research tools. The 2 technologies evaluated in our study were marketed specifically for use on 
commercial dairy farmers. 
Rumination 
Technologies recorded rumination in minutes per 1-h time block and were evaluated against 
visual observations over the same period; results are shown in Table 3. CowManager SensOor 
data were more weakly correlated with visual observations (r = 0.69, P < 0.01; CCC = 0.59) than 
the Smartbow system (r = 0.97, P < 0.01; CCC = 0.96). In a previous evaluation of the 
CowManager SensOor, rumination was strongly correlated with visual observation (r = 0.93, P < 
0.01; CCC = 0.93; Bikker et al., 2014). In the current study, rumination was the most subjective 
for observers to evaluate and showed slight variation among observers (r = 0.89, P < 0.01; 
interobserver variability). The evaluation of rumination behaviors has traditionally been 
completed in tiestalls, small pens, or a similar controlled setting (Schirmann et al., 2009; Bikker 
et al., 2014). The current study allowed cattle to express behaviors as they would in a general 
herd, potentially causing observers to miss or misidentify rumination events. Misidentified visual 
observation events could skew the mean values used in our study, generating weaker 
correlations. 
 
The technologies evaluated in our study use accelerometers to detect rumination events. Few 
technologies using accelerometers for rumination behavior classification have been evaluated. 
Previous studies have monitored jaw movements (Zehner et al., 2012) or eructation sounds 
(Schirmann et al., 2009) to quantify rumination behavior. Results of the current study indicate 
some accelerometers may underperform alternative methods, but more research is needed. 
Lying Behavior 
The AfiAct Pedometer Plus, CowAlert IceQube, and Track A Cow monitors were evaluated 
against visual observations and HOBO Data Loggers; results are shown in Table 4. The 
CowAlert IceQube correlated strongly with visual observations at r >0.99 (P < 0.01) and CCC 
>0.99. Elischer et al. (2013) evaluated the IceQube’s ability to measure lying behavior using a 
Pearson correlation coefficient and found similar correlation to the current study (r = 0.97; P < 
0.01). The IceTag was previously evaluated for accuracy (McGowan et al., 2007; Mattachini et 
al., 2013b), but the IceTag is intended for use as a research tool whereas the CowAlert IceQube 
used in our study was the commercially marketed version. Mattachini et al. (2013b) found the 
IceTag to perform similarly to video observation with a sensitivity of (mean ± SD) 1.00 ± <0.01, 
and a specificity of 1.00 ± <0.01. Mattachini et al. (2013b) found observations from the HOBO 
Data Logger and IceTag to correspond with a sensitivity of 0.99 ± <0.01 and a specificity of 0.99 
± <0.01. In the current study, HOBO Data Logger performance was also compared with visual 
observations on a 15-min basis and a moderate correlation was observed (r = 0.87, P < 0.01; 
CCC = 0.87). 
 
The Track A Cow system was strongly correlated with visual observation (r >0.99, P < 0.01; 
CCC >0.99). The Track A Cow is placed on the front right leg, and previous studies have shown 
the front legs to be less accurate in monitoring lying behavior (Müller and Schrader, 2003). 
Hourly summed data from the HOBO Data Loggers were strongly correlated with the Track A 
Cow (r = 0.92, P < 0.01; CCC = 0.92). These results indicate lying behavior monitored on front 
and hind limbs to be similar. 
 
AfiAct Pedometer Plus and visual observations were highly correlated (r >0.99, P < 0.01; CCC 
>0.99), whereas AfiAct Pedometer Plus and HOBO Data Logger observations were less highly 
correlated than any other technology (r = 0.83, P < 0.01; CCC = 0.81). The method (hand-held 
reader) used to collect AfiAct Pedometer Plus lying behavior data may have influenced results. 
The AfiAct Pedometer Plus used software that delayed data generation to account for potentially 
erroneous readings. Many technologies must remain in a lying or standing position for a 
predetermined and proprietary period of time to register a lying or standing event (Ledgerwood 
et al., 2010; Mattachini et al., 2013a). Because of this, the tag tended to overestimate or 
underestimate lying time in comparison to visual observations and HOBO Data Logger readings. 
If the hand-held reader collected lying behavior before data delays were complete, time lying or 
standing for those readings would be passed to subsequent time blocks, misrepresenting data. 
With continuously recorded data, delayed data would have a lesser effect on results. Future 
studies will need to establish the effectiveness of the AfiAct Pedometer Plus in automatically 
collecting lying behavioral data at regular intervals. Automatic data collection was available for 
this technology at the time of our study, but was not yet available at the study farm. 
 
The HOBO Data Logger correlations to visual observations and technology data were nearly 
identical on a 15-min basis (HOBO Data Loggers to visual: r = 0.88, P < 0.01, CCC = 0.87; 
HOBO Data Loggers to CowAlert IceQube: r = 0.87, P < 0.01, CCC = 0.87), hourly basis 
(HOBO Data Loggers to visual: r = 0.93, P < 0.01, CCC = 0.92; HOBO Data Loggers to Track A 
Cow: r = 0.92, P < 0.01, CCC = 0.92), and the variable basis used for the AfiAct Pedometer Plus 
(HOBO Data Loggers to visual: r = 0.83, P < 0.01, CCC = 0.81; HOBO Data Loggers to 
technology: r = 0.92, P < 0.01, CCC = 0.81). The HOBO Data Loggers have previously been 
shown to accurately describe lying behavior in dairy cattle (Ledgerwood et al., 2010; Mattachini 
et al., 2013a,b), dairy calves (Bonk et al., 2013), and dairy goats (Zobel et al., 2015). To 
corroborate the current study, visual observations have been shown to be more similar to the 
AfiAct Pedometer Plus and IceTag than to the HOBO Data Logger (Mattachini et al., 2013a,b), 
which could be due to several reasons. The HOBO Data Loggers are research tools and have 
differing sampling times. In this experiment, the HOBO Data Loggers sampled the device’s 3-
dimensional position every minute. Data analysis techniques assumed this position to remain 
constant for each minute. This could lead to variation in the number of minutes spent lying in 
comparison to technologies sampling more frequently. 
 
Further Discussion 
The technologies used in the current study were able to accurately quantify feeding, rumination, 
and lying behaviors. Commercially marketed technologies showed only slight differences in 
correlation with visual observations. The HOBO Data Loggers (in lying time evaluation only) 
were less strongly correlated with visual observations than any commercially marketed 
technologies. This indicates commercially marketed lying behavior monitors to be more effective 
than HOBO Data Loggers in quantifying lying behavior. Based on these results, many 
commercially marketed technologies may be more useful in research settings than the HOBO 
Data Logger. An additional reason for this finding may be the data conversion methods used for 
the HOBO Data Loggers. Adjusting the method by which raw data were converted to lying data 
may yield a greater correlation between the HOBO Data Loggers and visual observations or 
technology data. Previous methods have evaluated the HOBO Data Loggers’ performance over 
different sampling time frequencies (Ito et al., 2009; Ledgerwood et al., 2010; Mattachini et al., 
2013b) and adjustments in sampling frequency may also increase technology performance. 
 
Comparing all data using the same time intervals may provide more accurate technology 
comparisons, but this was not possible in the current study. Technologies collected data with 
different frequencies between sampling. Summation of technology and observation data into 
hour blocks would have allowed for all but the AfiAct Pedometer Plus (because of variable time 
blocks) to be compared. This was not performed because technology manufacturers describe 
technology-recorded behaviors in different time blocks. Manipulating technology data into 
common time blocks would not accurately represent the data used to perform the respective 
functions of the technologies (e.g., health and estrus detection). Changing the format by which 
data are presented could misrepresent data used in algorithms, creating biased comparisons. 
Future research obtaining technology data in common time units directly from manufacturers 
would allow for a more accurate comparison of technology performance. 
 
CONCLUSIONS 
To our knowledge, this is the first precision dairy-monitoring technology validation study 
evaluating multiple parameters and technologies attached to the same cows. This is also the first 
study to validate parameters measured by the Track A Cow and Smartbow systems. 
Commercially marketed technologies recording feeding behavior, rumination, and lying behavior 
performed well when compared with visual observation. Rumination behavior was most variable 
from visual observation. Similar performance to visual observations and other validated 
technologies indicates dairy cattle behavioral monitors to provide accurate information for use in 
dairy cow management. 
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Table 1. Information regarding various technologies used in a study evaluating behavioral quantification 
performance of precision dairy technologies1 
 
1 AfiAct Pedometer Plus leg tag (afimilk, S.A.E. AFIKIM, Kibbutz Afikim, Israel), CowManager 
SensOor ear tag (Agis, Harmelen, the Netherlands), CowAlert IceQube Sensor leg tag 
(IceRobotics Ltd., Edinburgh, Scotland), Smartbow ear tag (Smartbow GmbH, Jutogasse, 
Austria), Track A Cow leg tag (ENGS, Rosh Pina, Israel) and HOBO Data Loggers (HOBO 
Pendant G Acceleration Data Logger, Onset Computer Corporation, Pocasset, MA). 
2 AfiAct Pedometer Plus lying behavior data were downloaded using a hand-held reader. 
Readings were collected at period start, and approximately every 15 min following, until 
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Weight: 72 g 
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Table 2. Results from a technology evaluation study indicating agreement between 4 observers 
for visual recordings of feeding behavior, lying time, and rumination time on the same cow using 
Pearson correlation coefficient and κ values ± ASE, and chi-squared values1,2 
 
1 All Pearson correlation coefficients were evaluated for the probability of observing results under the null 
hypothesis of observations being unrelated. 
2 All Pearson correlation coefficient values were significance at P < 0.01. 
3 Asymptomatic standard error. 
  
Behavior 
Correlation coefficients (κ ± ASE3) Proportion of observation 
time observers reported 




value Observer Observer 2 Observer 3 Observer 4 
Feeding 
1 
0.99 0.99 0.96 0.26 9.32 0.02 
0.99 ± 
0.001 0.99 ± 0.001 0.96 ± 0.003  
2 
 0.96 0.96 0.26 
 0.96 ± 0.003 0.96 ± 0.003  
3 
  0.96 0.26 
  0.96 ± 0.003  
4    0.25 
Lying 
1 




0.002 >0.99 ± 0.003  
2 
 1 1 0.65 
 1.00 ± 0.000 >0.99 ± 0.002  
3 
  1 0.65 
  >0.99 ± 0.002  
4    0.65 
Rumination 
1 
0.88 0.95 0.92 0.51 3.27 0.35 
0.88 ± 
0.004 0.95 ± 0.003 0.92 ± 0.003  
2 
 0.91 0.88 0.51 
 0.91 ± 0.004 0.88 ± 0.004  
3 
  0.95 0.52 
  0.96 ± 0.003  
4    0.51 
Table 3. Results from a technology evaluation study with Pearson correlation coefficients (r), 
bias correction factor (Cb), concordance correlation coefficient (CCC), location shift (V), and 
scale shift (μ) for hourly summed values indicating agreement between visual observations and 




of cows r Cb CCC V μ 
Feeding 
CowManager 
SensOor 46 0.88 0.94 0.82 0.32 1.19 
Track A Cow 41 0.93 0.85 0.79 0.47 1.41 
Rumination 
CowManager 
SensOor 46 0.69 0.85 0.59 −0.58 1.07 
Smartbow 46 0.97 0.99 0.96 0.14 1.06 
 
1 CowManager SensOor ear tag (Agis, Harmelen, the Netherlands), Smartbow ear tag (Smartbow GmbH, 
Jutogasse, Austria), and the Track A Cow leg tag (ENGS, Rosh Pina, Israel). 
2 All Pearson correlation coefficient values were significance at P < 0.01. 
